of daily maximum temperature data from seventeen Spanish meteorological stations exhibit a multimodal Empirical Distribution Function (EDF). Most of the stations show important differences in their EDF for each one of the considered periods of time, a fact that reveals the complexity of climatic changes within the accepted general warming trend of the Iberian Peninsula.
I. INTRODUCTION
Within the scientific community there is a clear consensus that the Earth's climate is nowadays changing. That consensus, however, is much less clear when determining since when it is changing, the magnitude of the change in comparison to other historical periods, and the amount of the relative contribution of natural and man-made causes.
There are three main areas of knowledge from where the ideas about Climate Change come: the analysis of historical and present instrumental data, the analysis of "proxi" data, and computer simulation modeling based on physical first principles. Driven by our urgency to foresee what climate may wait for us in a future and how, or if, our fate could be averted, the modeling field has been enlarged considerably, thanks to the great advances in hardware and software in recent decades.
The main problem simulation models present is that they are limited by our knowledge about the possible external forces acting on Earth's climate and the extremely complex machinery of intervening processes acting at the planet's 978-1-4244-3553-1/09/$25.00 ©2009 IEEE surface. Downscaling the models to regional scale simply increases the uncertainties. Proxi data are frequently taken with a pinch of salt, as their relationships with the climate physical parameters they are supposed to represent are under much debate. So, in order to increase our understanding on the actual processes behind climate changes, we are left with the need to explore more deeply whatever historical instrumental records we may have, and extract as much information as possible from them.
There is an important gap between First Principles and Data Driven analysis in climate related issues. The later usually provides mathematical explanations but it is uncertain how they may relate to concrete physical processes. We need to find ways of diminishing the gap, deepening into the analysis of data and looking for possible bridges. Knowledge Discovery already offers a wide range of possibilities for that deepening and new approaches are constantly devised. In our appreciation, the regional scale analysis may provide new useful insights as it may describe local characteristics within the context of the general atmospheric circulation patterns [1] . As a contribution in that direction we present here the very first steps of a possible new approach, analyzing a subset of a century of daily maximum temperature data coming from seventeen Spanish locations.
The paper is organized as follows: Section II describes the data and Section III the data processing approach (the methods and techniques used are given in specific subsections), Section IV describes the experimental settings with which the different algorithms were used, Section V presents the main findings and Section VII contains the conclusions. II . THE DATA For the above stated purpose, daily data need to cover the regional scale with enough density as to represent the main climatic features of the territory as a coherent unit; time series need also to spread back in time as much as possible in order to cover climatic evolutions; and, of course, digitalized data need to be as much complete and of good quality as possible. These conditions are rarely met. The Iberian Peninsula, with nearly twenty meteorological stations running since the beginning of the twentieth century is potentially one of the regions worth studying. The main drawback is that the digitalization of all daily records is still incomplete as it requires checking with the original records. The data also needs to undergo a careful homogenization process, something not always easy as many stations changed Meanwhile the digitalized time-series become available and, in order to initiate a methodological exploration, we have here selected two eighteen year data subsets of daily maximum temperatures for seventeen meteorological Spanish stations (Fig. 1) . The first one covers the period 1904-1921 and the second one 1990-2007, both have missing values but that is a pre-condition which must be included in any exploration of historical data. The empirical distribution functions (EDF) for many stations are clearly multimodal (Fig. 2) . Also, nearly all stations show important changes in the shape of the distribution when compared to the two periods of time. As a first approximation to the study of the complex physical processes which may be responsible for such complex structures and changes, we have simplified the problem, by considering that the EDFs could be explained by the mixing of two normal distributions. The resulting parameters of these distributions, for each station and epoch, have been the inputs for the rest of the present analysis.
III. PROCESSING M ETHODOLOGY
individual distributions fi(X , Pi): 
where J-li and lTi and the respective means and standard deviations of the constituting distributions. In an attempt at understanding the nature of the Tmax EDFs, a model given by Eqs. 1-2 with M = 2 was fitted to the data coming from each meteorological station using the Levenberg-Marquardt algorithm [2] .
B. Clustering
Hierarchical clustering is a well known family of methods for unsupervised classification [3] . It was used for exploring the structure of the data resulting from the dissection of the EDFs into their Gaussian components, as determined by their means, standards deviations and mixing proportion. Ward's classical method [4] , [3] was used with Euclidean distance. Other clustering techniques were applied as well, but their results were consistent with those obtained with Ward's method and are not shown.
A. Dissection of Mixtures of Probability Distributions
As seen in Section-II (Fig. 2) , the empirical distribution functions (EDF) of Tmax data for many stations exhibits a strong multimodal character. This behavior suggests that the underlying distribution is actually the mixture of several individual distributions.
Let f(x , P) be a probability density function for a random variable x , which depends on a set of parameters P. The mixture f can be expressed as a convex combination of M
C. Dimensionality reduction via nonlinear transformations and visualization
One of the steps in the construction of a virtual reality (VR) space for data representation is the transformation of the original set of objects under study 0, often defining a heterogeneous high dimensional space, into another space of small dimension 0, (typically {2, 3}) with an intuitive metric (e.g. Euclidean). The operation usually involves a non-linear transformation (rp : 0 ----t 0); implying some information loss. There are basically three kinds of spaces sought [5] 3) Genetic Programming with Vector Functions: Most implementations of genetic programming for modeling fall within this paradigm but for problems like the ones addressed in this paper vector functions are required. A GP based approach for finding vector functions was presented in [14] . In these cases the model associated to the evolved programs is if == F (x), which allows for the simultaneous estimation of several dependent variables if from a set of independent variables x. These are not multi-objective problems, but problems where the fitness function depends on vector variables. The mapping between vectors of two spaces of different dimension (n and m) is one of that kind. In this case a transformation like 1/J: n~m mapping vectors x E n to vectors if E m would allow a reformulation of Eq. 3 as:
The genetic programming experiments with the ECJ-GEP system for the solution of Eq. 5 (unsupervised problem),
were performed using population sizes of {SaO, 1000} individuals and the number of generations in {50000, 100000}. For each parameter set, 100 random initial population trials were made for a total of 400 runs. The remaining algorithm parameters were fixed at the following suggested values [17] : genes/chromosome = 5, gene headsize = 5, elitism = 3 individuals, constants = allowed (in [-1, 1]), probabilities: inversion = 0.1, mutation = O. 044, istransposition = 0.1, ristransposition-prob = 0.1, onepointrecomb-
In problems of this type, the evolution process works with populations of forests such that the evaluation of the fitness function depends on the set of trees within a forest [14] . Any classical GP can be extended for working with vector functions. In this paper, the vectorial GP with both supervised and unsupervised learning capabilities from [14] was used. This development extends the ECJ System (Evolutionary Computation in Java) [15] and also the Gene Expression Programming technique (GEP) [16] , [17] .
Two different uses were made of vector-GP: i) Unsupervised for obtaining the structure preserving mappings from Eq. 3 (reformulated as Eq. 5) and ii) supervised for producing an explicit approximation of the implicit mapping solution obtained with the Fletcher-Reeves classical optimization method (Section. III-C. 1).
cp == (cp 0 P)
When seeking simultaneously for a reduced set of features and a suitable space for visualization, a target 3-D space is the natural choice. In general cp is a nonlinear function and in order to compare results from transformations obtained with different algorithms, a canonical representation is preferred. It can be obtained by performing a principal component transformation P after ip, so that the overall transformation is given by the composition spaces preserving the structure of the objects as determined by the original set of attributes or other property, ii) spaces preserving the distribution of an existing class or partition defined over the set of objects and iii) hybrid spaces. In this study, unsupervised spaces are constructed because data structure is one of the most important elements to consider when the location and adjacency relationships between the objects in the new space should give an indication of the similarity relationships [3] , [6] between the objects, as given by the set of original attributes [7] . cp can be constructed to maximize some metric/non-metric structure preservation criteria as in multidimensional scaling [8] , [6] , or to minimize some error measure of information loss [9] . If 6ij is a dissimilarity measure between any two objects i, j EO, and (i3 is another dissimilarity measure defined on objects i,3 E 6 (i == cp(i), 3== cp(j), a frequently used error measure associated to the mapping cp is: refered to as the canonical mapping.
1) Classical Optimization: The Fletcher-Reeves method is a well known technique used in deterministic optimization [2] . It assumes that the function f is roughly approximated as a quadratic form in the neighborhood of a N dimensional It can be proven [2] that if hi is the direction from point
Pi to the minimum of f located at P i+ I, then gi+I == -\7 f (P i+ I), therefore, not requiring the Hessian matrix.
2) Genetic Programming: Genetic programming (GP) techniques aim at evolving computer programs. They are an extension of the Genetic Algorithm introduced in [10] and further elaborated in [11] , [12] and [13] . The algorithm starts with a set of randomly created computer programs. This initial population goes through a domain-independent = 0.1, genetransposition-prob = 0.1, rnc-mutation= 0.01, demutation-prob = 0.044, de-inversion» 0.1, dc-istransposition = 0.1. In particular, the Function Set was very simple, composed only of some arithmetic functions complemented by the power and log (base 10) functions : {+ , -, *, j , l\ ,log}. As a complementary experiment, vector-GP was used to approximate the solution of Eq. 4 (for a 3D space) obtained with the Fletcher-Reeves algorithm (a supervised regression problem, as the target vector elements are given). The population sizes were {100, 300, 500}, the number of generations {10000, 30000, 50000} and the function set was {+ , -, *, I\} (simpler). The remaining parameters were the same as those for the unsupervised vector-GP experiment, for a total of 900 runs.
The error measure was the mean squared error given by (6) where Yi is the 3D space vector obtained with the F1etcher-Reeves algorithm, ' l/J (Xi) is the one obtained with vector-GP for the i-th original vector Xi and n is the total number of vectors (oneIEDF).
V. MAIN R ESU LTS

A. EDF dissection
The model given by Eq. 1 with M = 2 was fitted to [18] . They have been partially incorporated into the AEMET dataset. The result corresponding to station Ab-D1991 (Fig. 2) is shown in Fig. 3 .
B. Clustering
The dendrograms of the cluster analysis (Ward linkage, Euclidean distance) of the five variables in Table. I for the two blocks of data are presented in Fig. 4 . They have been cut off at a five group level and these classes assigned to the corresponding stations; the geographical distribution is presented in Fig.S, The general arrangement seems to respond to the influence of Atlantic and Mediterranean waters. The continental climate of Central Spain (class I-I in both periods of time) appears grouped with Mediterranean-like conditions (classes 1-). San Sebastian (Ss-Dl991), in the humid Northeast, belongs to class 1-3 in the 1904-1921 period; interestingly, a very narrow fringe of Mediterranean vegetation runs along the eastern half of the Bay of Biscay coast. Apparently, the North-Northwest wave regime isolates the waters, which become increasingly warmer along the summer. Table. I).
The association of Huelva (Hv-4605), in the Southwest, with Mediterranean-like conditions (class 1-3) in the same 1904-1921 period, it is unclear but, as the station is located some fifteen kilometers from the coast, perhaps it may be easily influenced by the inland Mediterranean conditions. Both stations, however, have become associated with Atlantic conditions (classes 2-1 and 2-2) in 1990-2007.
Cadiz-San Fernando, in the Southwest, appears in 1904-1921 grouped with A Corufia, a typical Atlantic station. However, in 1990-2007 they become differentiated even if they still belong to the same "Atlantic" climatic regime. Apparently, warmer Mediterranean waters, crossing through the Gibraltar Strait, are spreading along the border of the Atlantic coast towards the north [19] , modifying the Atlantic climates. Such changes do agree with the observed recent increase in the Western Mediterranean coastal waters temperature and the increased temperatures in most of Spanish stations. However, the warming trend is neither uniform nor general, and San Sebastian maximum temperatures have clearly decreased from one period to the other, a pattern also followed by four other stations (Huelva, Jaen, Soria and Huesca) : a complex picture which needs further analysis.
Removing the Mixing Rate from the data in Table. I produces important changes in the associations in the Southwestern stations (Fig. 6) . It means that the proportion at which each of the two underlying Gaussian distributions mix is an important factor related to the structural climate change.
C. Dimensionality reduction and unsupervised nonlinear mapping with classical optimization
A dimensionality reduction of the 5-dimensional data matrix of Table. I targeting a 3D space was computed. The transformation sought was the canonical composition of Eq. 4 and it was computed by solving Eq. 3 with the FletcherReeves algorithm followed by a principal components of the resulting 3D matrix. The implicit mapping obtained from the solution of Eq. 4 with the Fletcher-Reeves algorithm had a low error value (0.000058), indicating that the new three nonlinear variables retained almost all of the information contained in the five original variables of Table I . Accordingly, the 3D representation (impossible to reproduce on hard media) provides a reasonably accurate picture of the structure of the original 5-dimensional data.
A snapshot of the VR space is shown in Fig. 9 (middle). Spheres represent the 1904-1921 stations, whereas the cones represent those from 1990-2007. In this representation two objects (stations) are near if their underlying theoretical Gaussian components have the same properties and if they have been mixed in a similar proportion. In addition, a segment connecting two objects from different time epochs (a sphere and a cone), indicates that they correspond to the same geographical location in Fig. 1 A cluster analysis similar to the one performed in the original 5-dimensional space (Ward linkage, Euclidean distance) for each of the two time periods was performed, but this time in the the new nonlinear 3D space gives the dendrograms shown in Fig. 7 . The geographical distribution of three classes identified in the dendrograms is shown in Fig. 8 . In this case the geographical distributions are simpler and somewhat different from the ones obtained from the clustering of the original five dimensional space, probably a consequence of the space optimization to 3D dimensions. The main difference resides in Central Spain, which in 1904-1921 appears grouped with the cluster branch of Atlantic conditions, whereas in 1990-2007 it is clearly grouped with those having Mediterranean climatic conditions. for each particular location. Wrapper surfaces (in grey) group the 1904-1921 stations (spheres) and the those from 1990-2007 (cones) respectively. Their shift provides a visual representation of the overall spatial and temporal changes in the climate structure experienced in Spain, whereas the individual segments, an indication of the variations at the local scale (the stations' locations). Clearly, most stations have followed a similar climatic evolution. 
D. Dimensionality reduction and unsupervised nonlinear mapping with vector-GP
In order to obtain an explicit representation for Eq. 4 as well as a numeric approximation of the unsupervised, implicit canonical mapping obtained with the Fletcher-Reeves algorithm, a solution was computed using the vector-GP approach described in lll-C.3. The analytic expressions for the three components of sp are given in Eq. 8. Since they represent a solution of Eq. 4, the x, y , z components are ordered in a monotonically decreasing order w.r.t. the variance in the nonlinear 3D space. The best error obtained during the evolutionary experiment was 0.000180 which although larger that the one obtained with the deterministic algorithm , is also very small, indicating a small information loss. The comparison between the 3D spaces obtained with determini stic-implicit mapping and with evolutionary-vector-GP shows non substantial differences (Fig. 9 Middle and Top). Accordingly the explicit solution leads to the same interpretation in terms of the visual representation of the structural time/spatial climate changes at both the regional and local scale. 
E. Supervised explicit approximation of the implicit unsupervised mapping
A complementary experiment was set forth in order to approximate the implicit mapping <p produced by the Fletcher-Reeves algorithm used in V-C with a vector-GP explicit mapping (III-C.3). In this supervised problem the resulting nonlinear 3D variables obtained by the FletcherReeves algorithm are learnt with a vector-GP algorithm. The best result has M SE = 0.03536 (Eq. 6 and 3D space of Fig. 9(Bottom) ) . Note that there is a reasonable good agreement with the target (Fig. 9(Middle) ). 
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VII. CONCLUSIONS
Many different processes are intervening in the complex climatic machinery, each one with a different strength, delay. etc. The preliminary results presented here seem to indicate that a combination of statistical procedures with classical optimization and computational intelligence methods like vector genetic programming, provide another perspective to the analysis of daily temperature data. They can be complemented with other procedures like, for example, those presented in [I] . The selection of two data blocks at the ous, sliding time window, which could reveal the possible influence of different physical processes within the data, for instance, the atmospheric circulation system, sea-water temperature variations, anthropic influences, and external forcing. The identification of periods of relatively homogeneous behavior could be analyzed with local models, looking for possible links with known processes . Further analysis is required in order to more objectively discriminate between anthropic and natural factors in Climatic Change.
The analysis of temperature EDFs based on daily values, their dissection into suitable individual Gaussian components and their investigation with statistical, nonlinear and computational intelligence techniques has a general character and could be applied to other regions. beginning and the end of the XX century (of eighteen years each), is a crude, tentative approach, while more comprehensive and complete datasets of daily temperatures become available. However, the results indicate that there are indeed differences in the climate mechanisms as revealed by the different behavior of the constituent Gaussian distributions of the empirical EDFs. This points towards deeper, more subtle effects than a mere variation in mean temperatures as an indicator of climate change. It is also interesting to note that reasonable accurate visual representation of these complex processes and their changes can be obtained using computational intelligence techniques. They helped in the analysis of spatial and temporal climate changes and suggest possible directions for further investigation.
More elaborated experiments should cover a continu- 
